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Abstract
Between 1975 to 2011, aphid Relative Growth Rates (RGR) were modelled as a function of mean outdoor temperature and
host plant phenology. The model was applied to the grain aphid Sitobion avenae using data on aphid counts in winter
wheat at two different climate regions in France (oceanic climate, Rennes (western France); continental climate, Paris). Mean
observed aphid RGR was higher in Paris compared to the Rennes region. RGR increased with mean temperature, which is
explained by aphid reproduction, growth and development being dependent on ambient temperature. From the stem
extension to the heading stage in wheat, there was either a plateau in RGR values (Rennes) or an increase with a maximum
at heading (Paris) due to high intrinsic rates of increase in aphids and also to aphid immigration. From the wheat flowering
to the ripening stage, RGR decreased in both regions due to the low intrinsic rate of increase in aphids and high emigration
rate linked to reduced nutrient quality in maturing wheat. The model validation process showed that the fitted models have
more predictive power in the Paris region than in the Rennes region.
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Introduction
In light of global climate change, more research is needed to
study the effects of temperature trends and associated fluctuations
on living organisms. Changes in populations of indigenous or
invasive insect pests are one of the most important challenges
facing ecology and crop protection [2–4]. Pest outbreaks must be
modelled for forecasting and prospective purposes. Modelling
insect population dynamics requires the incorporation of various
driving factors. In particular, the vital stages in insect life cycles
depend heavily and almost instantaneously on ambient temper-
ature, the main abiotic factor influencing insect development.
Development of herbivorous insect species also depends on
biotic driving factors such as the phenology of the host plant.
Other biotic factors act at higher trophic levels on insect
development and include predators, parasitoids and entomopatho-
gens, which in turn depend on herbivore population accumulation
to survive. The insect food web is temperature dependent because
all organisms involved are ectothermal. The combined response of
insects to two or more driving factors is particularly difficult to
study experimentally because the interactions between these
factors require a large experimental design and thus expensive
testing chambers. Furthermore, in vitro results are often very
different from what is observed in nature [5–7].
A field-based ecological study, although more arduous, is
preferable to a laboratory-based one because it produces a realistic
set of parameters. We, therefore, attempted to model the
instantaneous increase of an insect population (Relative Growth
Rate or RGR) from data obtained in natura.
To model insect RGRs, we used an approach based on several
sets of data obtained from sampling winter wheat fields, with the
goal of providing a robust and simple basis for further modelling
and forecasting the populations of the grain aphid Sitobion avenae.
This aphid is a major agricultural pest in Europe [8–10] causing
direct damage in the spring by feeding on the sap of growing
wheat and indirect ones by transmitting plant viruses [11,12]. Two
different regions were selected for field data collection: Rennes
basin in western France, and the Paris basin; both having different
agro-climatic characteristics likely to influence aphid biology. The
Rennes region has an oceanic climate, with mild temperatures
allowing parthenogenetic aphids and their natural enemies to
survive on wheat during the winter. Conversely, in the more
continental climate of the Paris region, parthenogenetic aphids
generally do not overwinter in situ [13].
The basic premise behind our model is that the RGR of insects
with overlapping generations, such as aphids, varies continuously.
This variation is driven by environmental factors, among which
temperature and host-plant phenology play a key role [1].
Predators, entomopathogens and parasitoids have a more variable
PLOS ONE | www.plosone.org 1 January 2014 | Volume 9 | Issue 1 | e86825
role due to their complex interactions with both their prey and
climate [14]. The influence of these predators can also be estimated
provided that accurate sampling of these organisms is available [15].
These natural enemies were initially ignored in the model, for sake
of simplicity, and then incorporated in samples for which data were
available [16]. The RGR of the aphid population was then
estimated for each sampling event, and related to temperature and
plant growth stage; this relationship is non-linear [17–19].
Because RGR is a relative derivative, it is the logarithmic
derivative of the population growth function; its estimation is
obtained by smoothing splines. Although quite well known by
statisticians [20–22], this method is very rarely used by ecologists,
to such the extent that many classical textbooks do not even
mention it [23]. Smoothing splines belong to the category of non-
parametric estimators of an underlying deterministic function
perturbed by environmental or endogenous noise. Empirical
estimators based on first-order differences are very sensitive to
weakly autocorrelated random noise whose extreme form is white
noise, or Brownian motion. Stone, as early as 1985, showed that
spline derivative estimators can achieve an optimal L2 rate of
convergence (in quadratic mean: lim
n??
E(jXn{X j2)~0 with Xn is
the spline derivative, X the convergence point and n is the number
of samples).
In this study, we analysed field data from 1975 to 2011 in both
Rennes and Paris regions in order to model S. avenae RGR linking
to its driving factors. The prediction overall quality of the model
was tested with two different datasets.
Materials and Methods
a) Sampling Methods
We collected the field data/samples ourselves and no permission
is required to obtain them.
Aphid population densities were assessed from field counts:
depending on winter wheat field infestation, fifty to 1000 tillers
were randomly chosen from quadrats for observation each week
from early May (stem extension stage) to mid-July (grain ripening
stage) and numbers of living S. avenae per tiller were recorded. For
each dataset, growth stages of wheat were recorded weekly
according to Zadoks’ numerical scale [24]. For data collected in
the Rennes region, numbers of S. avenae killed by entomopatho-
genic fungi (Entomophthorales) and insect parasitoid wasps
(aphidiid ‘mummies’) were also recorded.
Minimum, maximum and mean temperature data were daily
recorded in standard conditions (2 m high in a vented box) at a
weather station near the fields (50 m to 1 km).
We worked on four different datasets, two for estimating the
model parameters and two for validating the model. These latter
two datasets were not used for fitting the model parameters, but
only to check the predictive quality of the model. The first two
datasets will hereafter be referred to as the basic datasets, and the
latter two as the test datasets. Their content was as follows:
N the basic dataset for the Rennes region consists of S. avenae
population densities recorded each year in a winter wheat field
from 1975 to 1986 and in 1988, 1992, 1993, 2003 and 2004
Figure 1. Comparison of observed relative growth rates for the Rennes basic dataset (A) and the Paris basic dataset (B): minimum
(red line), mean (green line) and maximum (blue line).
doi:10.1371/journal.pone.0086825.g001
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(17 fields), at the INRA Research Centre at Le Rheu, (Ille et
Vilaine de´partement, France; 1u4797399W, 48u692199N). The
dataset includes 160 aphid and natural enemy counts on three
successive wheat cultivars, Champlein (1975–1980), Arminda
(1981–1993) and Lancelot (2003–2004) under variable weather
conditions.
N the basic dataset for the Paris region consists of S. avenae
population densities recorded in one wheat field for 12 years
from 1980 to 2011, near the Arvalis research station in
Boigneville (Essonne de´partement, France; 48u2090699N,
2u2291499E). The dataset includes 102 aphid counts on
successive wheat cultivars (Arminda, The´se´e and Fidel being
the most frequent), under variable weather conditions.
N the test dataset for the Rennes region consists of S. avenae
population densities and the number of aphids killed by
natural enemies, recorded in nine winter wheat fields from
1975 to 1982 for a total of 84 observations.
N the test dataset for the Paris region (47 observations) was
recorded in 2004 in nine winter wheat fields selected in several
areas around Paris.
Figure 2. S. avenae Relative Growth Rate (RGR) according to temperature (A, B)) and wheat growth stage (C, D) for the Rennes and
Paris basic datasets, respectively. Red circles, observed values; surface grid, modelled values.
doi:10.1371/journal.pone.0086825.g002
Table 1. Correlation of parameter estimates for the model
based on the Rennes dataset.
Sm b k
b 0.52
k 0.52 0.41
a 0.53 0.99 0.33
doi:10.1371/journal.pone.0086825.t001
Table 2. Correlation of parameter estimates for the model
based on the Paris dataset.
sm b k
b 20.24
k 20.70 0.14
a 20.30 0.96 0.18
doi:10.1371/journal.pone.0086825.t002
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b) Statistical Analyses and Modelling Tools
For each field, the observed RGR at each sampling date was
calculated from the grain aphid abundance curve. This curve was
affected by strong noise resulting mainly from the sampling
process. This noise made it difficult to estimate the derivatives with
respect to time. Smoothing is known to improve greatly the
estimates of the derivatives when the random fluctuations are
faster than the underlying process [25]. Weekly data points were
then smoothed by cubic splines [26]. A cubic spline is a function
constructed from piecewise third-order polynomials that pass
through a set of control points. For example, consider a collection
of n known points (x1,y1), . . . ,(xi,yi),:::,(xn,yn). To obtain a
smoothing spline for a given degree of smoothing (i.e. a given
smoothing parameter), the control points are moved iteratively,
using a technique such as the Gauss-Newton procedure, until a
minimum in the residual sum of squares is reached (ordinary least
squares). The choice of the smoothing parameter was carried out
automatically by maximizing the cross-validation function (CVF,
[25]), a feature included in the smooth.spline function in R [27]. To
estimate the RGR of aphids, we considered the logarithmic
derivative of the smoothing curve, which directly gave an estimate
of the instantaneous relative rate of increase.
This instantaneous relative rate of increase (RGR) is well known
in population dynamics [28] and the observed RGRwas defined by:
RGR~
dn
ndt
~
d
dt
ln n ð1Þ
where n is the number of aphids and t represents time (in days) and
RGR’s unit measure is expressed as aphid/aphid/day (1/day).
This analysis of RGR was carried out in three steps:
1. Transformation of the time-series data on the number of
aphids to ln(n+1) (to avoid the undefined logarithms for zero
counts);
2. Smoothing of the logarithmic series using the cubic spline
method; the smoothing parameter was chosen by finding the
best value of the CVF [25]; the smoothed curve and the
unsmoothed process were visually inspected to detect any
anomalies. None occurred.
3. Calculation of the derivative of the spline functions at each
observation time; this is the logarithmic derivative of the
smoothed series and provides an estimate of RGR.
Although spline derivative estimators are generally robust, De
Brabanter et al. [22] recently suggested a way to improve
estimators by replacing the smoothing splines with a local
polynomial regression, in an attempt to avoid choosing a
smoothing parameter [29]. Nevertheless, in our case, the use of
the cross-validation function (CVF) gave quite satisfying estimators
growth and was therefore used to also estimate the derivatives.
c) Modelling the Aphid RGR
We used non-linear regressions [30] of the weekly observed
RGR calculated separately for each basic dataset on the weekly
mean of mean daily temperatures and weekly wheat growth stage.
The non-linear regression model had the form:
RGRi~ f (si,hi,Q)z"i for iE½1,n ð2Þ
where RGRi is the response variable, i.e. aphid RGR, f is a known
function, hi the temperature, si the wheat growth stage, Q the
parameter vector and ei random errors. The unknown parameter
vector Q is estimated from the data by minimising the sum of the
squared residuals.
Because the obtained data are likely to be autocorrelated within
each field, a Durbin-Watson test was performed to evaluate this
degree of autocorrelation. This test was used mainly as a
precaution, because the main goal of this work was to estimate
the parameters, not to test model significance.
We considered the overall quality of prediction for both basic
and test datasets by considering the bisector (the line where the
fitted values are equal to the observed values) and the residuals
from the bisector considered as an ideal model. The ratio of the
Figure 3. Prediction map of the model for the Rennes region according to temperature (6C) and wheat growth stage (Zadoks scale).
Coloured areas, predicted RGR; red circles, observed RGR.
doi:10.1371/journal.pone.0086825.g003
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residual sum of squares over the overall sum of squares of the
observed values, corrected by their degrees of freedom, is
considered as an index of model quality, and subtracting this
ratio from one is an index of goodness of fit. This index is
equivalent to a coefficient of determination (R2). We set
R2~1{
(n{1)
Pn
i~1
(Pi{Oi)
2
n
Pn
i~1
(Oi{O
{
)2
ð3Þ
where n is the number of cases, Pi the i
th predicted value, and Oi
the ith observed value.
All calculations (non-linear regression, ANOVAs and Durbin-
Watson tests) were carried out using R freeware [27].
Results
a) The Observed RGR
The mean observed RGR (Figure 1) was higher in Paris (0.076
aphid/aphid/day (1/day)) than in Rennes (0.047 aphid/aphid/
day (1/day)), as were its maximal values (0.45 and 0.29,
respectively). The minimal value of RGR is of the same order in
both regions (20.5).
b) The Parametric Model
We used the deterministic function for f(.):
RGR~
a1 ln (hM{h)za2 ln (sM{s)
1z exp ({k(s{sm))z exp ({bh)
ð4Þ
Where hM is the maximum lethal temperature, sM the latest
wheat growth stage allowing aphid feeding, sm the position of the
left inflexion point for the response to wheat growth stage. a1,a2, b
and k are parameters required to fit the model.
Figure 4. Prediction map of the model for the Paris region according to temperature (6C) and wheat growth stage (Zadoks scale).
Coloured areas, predicted RGR; red circles, observed RGR.
doi:10.1371/journal.pone.0086825.g004
Table 3. Analysis of variance for the Rennes-based model.
Source SS df MS F P-value
Total 1.8189 159 0.011439
Model 0.4783 4 0.119583 13.94 9.57335e-10
Error 1.3382 156 0.008578
SS, sums of squares; df, degrees of freedom; MS, mean squares; F, F test.
doi:10.1371/journal.pone.0086825.t003
Table 4. Analysis of variance for the Paris-based model.
Source SS df MS F P-value
total 3.025 101 0.02995
model 1.537 4 0.38430 20.52 2.62135e-12
error 1.835 98 0.01872
SS, sums of squares; df, degrees of freedom; MS, mean squares; F, F test.
doi:10.1371/journal.pone.0086825.t004
Insect Relative Growth Rate Modelling
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This function had the following features:
– response to wheat growth stage is sigmoidal on the left, and falls
sharply on the right until wheat reaches stage 92 (grain
ripening);
– response to the temperature increases until a thermal
maximum (30uC), and then sharply decreases.
Equation (4) is an ad hoc response to these features well-known
from experimental data [19,31].
This model was therefore fitted to the observed RGR by non-
linear ordinary least squares (R, nls function, Gauss-Newton
method). After identification of the parameters (sm, b, k, a1 and
a2), we used Equation (4) to predict the RGR, given temperature
and wheat growth stage.
Figure 5. Validation of the models for the Rennes (left-hand panels, A, C, E) and Paris (right-hand panels, B, D, F) datasets without
natural enemies. Plot of observed versus predicted values (A, B); red line, bisector (equality of prediction and observation); green line, regression
line constrained to origin. Histograms of prediction residuals (C, D); red line, zero residual (desired mean); green line, mean of residuals; blue line,
median. Plot of residuals against predicted values (E, F).
doi:10.1371/journal.pone.0086825.g005
Insect Relative Growth Rate Modelling
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c) The Predicted Aphid RGR and Temperatures
For a given growth stage, aphid RGR increased progressively
with temperature (Figures 2A and 2B). This was due to the direct
effect of temperature on the intrinsic rate of increase in aphids
[19].
d) The Predicted Aphid RGR and Wheat Growth Stage
To analyse the relationship between aphid RGR and wheat
growth stage, we divided Figures 2C and 2D into three parts:
N 1st part: from stem elongation (stage 30) to heading (stage 50),
there was a plateau in the modelled RGR values around 0.1
for the Rennes data, and an increase from 0.02 to a value
around 0.15 at heading for the Paris data.
N 2nd part: After the heading stage, aphid RGR decreased slowly
to medium milk stage (stage 75) in both regions.
N 3rd part: After stage 75, aphid RGR decreased sharply until
grain ripening (stage 90) in both regions.
e) Estimation of the Model Parameters from the Basic
Datasets
We fit equation (4), setting sM to 92, hM =30 and a~a1~a2.
We obtained the following values for the coefficients:
N For the Rennes dataset: sm~91:75, b~0:04, k~{0:11 and
a~{0:13;
N For the Paris dataset: sm~32:91, b~{0:05, k~1:11 and
a~{0:53.
All parameter correlations were lower than 0.95 in absolute
value (Tables 1 and 2), except the correlation between a and b
which appeared to be very strongly correlated. We were unable,
however, to find a reparametrisation of Equation (4) that would
reduce this correlation.
Figures 3 and 4 show in three dimensions how the surface
model fit the observed points. The value of R2 for our model was
equal to 26.30% for Rennes and 50.81% for Paris. Although the
model explains only a small proportion of the total variance, the
analysis of variance (ANOVA) showed that this proportion was
highly significant, with a P-value equal to 9.57e-10 (Table 3) for
Rennes and 2.62e-12 (Table 4) for Paris. The Durbin-Watson test
indicated a positive autocorrelation of residuals (DW=0.83, P-
value = 5.27e-14 for Rennes and DW=1.09, P-value = 2.37e-06
for Paris). Close to 1, this positive autocorrelation was significant,
but moderate. It indicates however that the F values may be
inflated and the standard deviations of the coefficients underes-
timated. Nevertheless, the estimation of standard deviation is only
asymptotic in the case of non-linear regression, and is not known
very accurately.
When a linear relationship with the weekly numbers of aphids
killed by two natural enemies, Entomophthorale fungi, and
parasitoids, is included in the model for the Rennes dataset, we
obtain a new model:
RGR~
a( ln (30{h){ ln (92{s))
1zexp({k(s{sm))zexp({bh)
zaEzbM ð5Þ
E stands for the number of aphids killed by Entomophthorale
fungal disease, and M for the number of mummies (cadavers of
aphids killed by a parasitoid wasp) in the sample.
h represents temperature; s, wheat growth stage and coefficients
had the following values: sm~9:04ez01, b~4:16e{02,
k~{1:24e{01, a~{1:34e{01, a~7:53e{06 and
b~{1:44e{04.
The value of R2 is slightly better (27.70%) than in the model
without natural enemies, with the density of aphids killed by
natural enemies contributing significantly to the variance of the
results. The Durbin-Watson test value was 0.83 and the P-value
was 5.02e-14.
f) Validation of the Model on the Test Dataset
In the case of the Rennes and Paris test datasets, regarding
overall quality of prediction (Equation 4), values of R2 were
24.90% and 49.60%, respectively. The predictive quality of the
models was far better for the Paris dataset than for the Rennes
dataset. Figures 5A and 5B show the plots of the predicted values
against the observed values for the Paris and Rennes study fields,
respectively. The figures show that there was little bias, with slopes
close to approximating unity: t comparison between Paris (1.25),
and Rennes (0.97), suggests that the prediction bias was very small.
The R2 of these regressions was very close to that calculated for
the bisector: R2 = 23.10% for Rennes and R2= 49.50% for Paris.
Figures 5C and 5D show the histogram of the residuals in both
cases that show residuals to be strongly skewed, positively for the
Rennes dataset (Figure 5C) and negatively for the Paris dataset
(Figure 5D). The similarity of the mean and the median to zero
confirm the weak bias of the prediction average, but indicated
some skewness in variability, particularly affecting large values of
RGR observed for the Paris dataset, and small values in the
Rennes dataset. This skewness is confirmed by the plot of the
residuals against the predicted values (Figures 5F and 5E), for
which there is no simple ecological explanation. Some possible
reasons will be discussed below.
We examined the proportion of cases where RGR was
predicted in the wrong direction (predicted to be positive, but
where a negative value is observed and vice versa). In these cases,
the movement of the population is growing when decreasing and
decreasing when actually growing according to sign error matrices
(Tables 5 and 6). However, there were relatively few observed
Table 5. Error matrix for the Rennes validation model.
Predicted values
Positive Negative
Observed values
Positive 58 2
Negative 12 12
doi:10.1371/journal.pone.0086825.t005
Table 6. Error matrix for the Paris validation model.
Predicted values
Positive negative
Observed values
Positive 43 1
Negative 3 0
doi:10.1371/journal.pone.0086825.t006
Insect Relative Growth Rate Modelling
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cases: it was found that 14 cases (16.67% of the total) occurred in
Rennes and only 4 cases (8.51% of the total) in Paris.
Discussion
There was no single model with common parameters for the
Rennes and Paris regions, probably due to the different climatic
factors acting on the two populations. Any possible common
model would have required accepting a very poor fit and even
poorer validation. Aphid population dynamics, when observed in
the field, varies greatly between an oceanic climate, as exemplified
in Rennes, and a more continental one, such as experienced in the
Paris region. The continental RGR was generally higher than the
oceanic one, even with the same conditions of temperature and
plant phenology (Figure 1). One explanation is that, in oceanic
areas, overwintering parthenogenetic aphids spend winter with
their natural enemies, which exert a continuous, although hardly
detectable, deleterious pressure affecting their RGR. In contrast,
more continental areas are free of aphids and their enemies at the
end of winter because parthenogenetic aphid forms have been
killed by very cold, freezing conditions. Continental areas are
invaded in early spring by healthy, immigrating aphids that
multiply without being regulated by natural enemies.
Despite the difficulties to estimate accurately aphid RGR from
field data, we found a satisfying qualitative agreement between this
estimation and the data obtained from the literature [19,32].
For a given temperature, the estimated RGR was quantitatively
and noticeably lower than that observed in laboratory experiments
[19]. In laboratory experiments, there is no mortality factor other
than temperature itself, but in the field, aphid mortality occurs
randomly. Natural populations are subject to attacks from
parasitoids, entomophthorales and predators (coccinellids, syr-
phids, chrysopids, carabids, spiders) that reduce the growth rate of
aphids. The maximum predicted RGR was about 0.25 in both
Rennes and Paris. These values were also lower than the
maximum observed by Dean [19], which was about 0.3. Dean
[19] found these maxima occurred at 22uC. The slope of increase
between 6 and 22 degrees was steeper in Paris than in Rennes.
Since there were no observed mean daily temperatures higher
than 22uC in all our data records, we could not observe the phase
of decrease in the RGR above 22.5uC, as described by Dean [19]
and reported for many insects [33,34].
The relationship of RGR with wheat growth stage is more
difficult to compare with controlled experiments, because this type
of study is scarce [31], due to the great difficulty of setting them
up. However, we found what was expected: a plateau or an
increase in the aphid RGR from early wheat growth stages to
heading, followed by a decline. This feature was clearly observed,
especially in the Paris region. From stem elongation to heading, we
observed an increase in RGR linked to immigration and
reproduction [35,36]. From heading to ripening, the decrease in
RGR was mainly due to a low intrinsic rate of increase and to
emigration [1], both of which are responses to the decrease in the
nutrient quality of the host [8,37], as well as to the action of
natural enemies [16,31].
All these points of agreement with laboratory studies indicate
that, although the random residuals around the model are large,
the model extracts a signal from the data that is identifiable and
coherent.
In contrast to expectations, temperature did not appear to be
the most influential factor driving aphid RGR. The effect of the
wheat growth stage appeared to be much more important. There
are two possible explanations for this result:
– Firstly, the effects of these two factors are strongly confounded
in field observations, because both plant growth and aphid
development depend heavily on temperature.
– Second, the observation design also unavoidably confounds
temperature and phenology. It is very unlikely to observe
advanced plant growth stages at low temperatures because
these stages occur in the summer and, likewise, to observe early
growth stages at high temperatures because these stages occur
in the early spring. This is clearly visible in Figures 3 and 4,
where each pair of temperature and plant growth stage is
confined to a delimited diagonal area in the plots.
In addition to these confounding effects, field data is also subject
to complex environmental noise and sampling errors. Thus,
focusing on only two model predictors may seem questionable
because many other effects can influence aphid RGR. Two
important natural enemy groups were included (Entomophthorale
fungal diseases and parasitoid wasps) that increased model
complexity, but did not help improve the model fit (R2, 27.7%
vs. 26.3% without natural enemies). This may be attributed to two
possibilities: (1) our observations are biased, reflecting the recent
past rather than the actual effect of these antagonists; (2) we
ignored the effect of many well-known polyphagous aphid
enemies, such as coccinellids, syrphids, chrysopids, carabids and
spiders. It would be worthwhile to include data on these
polyphagous predators, but they are unlikely to become available
for forecasting models [10,16]. Furthermore, including this kind of
data, even in detailed deterministic models, is difficult, because the
occurrence of these predators is quite irregular and unpredictable.
Although fundamentally interesting, multiple predator-prey dy-
namics involve an immense sampling effort that is impractical to
carry out for the purposes of forecasting.
Results of the validation process show that the fitted models are
much more predictive in the Paris region than in the Rennes
region. Nevertheless, both exhibit a very weak bias on average,
neither overestimating nor underestimating the RGR values,
although the errors were strongly skewed in different directions in
the two datasets. We obtained good qualitative validations.
However, unexpectedly high values were often observed, and
poorly predicted for the Paris region whereas in the Rennes
region, unexpectedly low negative values were observed. These
contrasted types of error may be due to the differences in climate,
whereby, the mild oceanic climate in Rennes allows aphids to
coexist throughout the year with their regulators, whereas the
populations of the Paris region result mainly from immigrants
from the west, joined later by the populations of parasites,
predators and diseases. These events cannot be observed at a large
scale easily, and are thus not taken into account in our non-linear
models. However, the overall absence of bias indicates that host
plant stage and the temperature are the main factors that explain
the population dynamics of these insects. Our two models are
therefore useful, with their estimated parameters, as a compre-
hensive population dynamics model.
Finally, fitting the effects of temperature and host plant
phenology on observed data has seldom been done for insect
populations. Even though models based on laboratory experiments
may produce better predictions [38], our model is probably more
robust and realistic because it is based on data collected in natural
conditions. Furthermore, many combinations of temperature and
phenology occur in natura that are almost impossible to mimic
properly in an experimental design.
Lastly, our RGR modelling would be a convenient sub-model
for large scale spatio-temporal forecasting. For example, in a
reaction-diffusion system [39] representing spatially explicit
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dynamics of S. avenae, replacing a constant reaction term by our
RGR model improve the model’s overall predictive and explan-
atory power [40]. Both such RGR and reaction-diffusion models
were designed for practical use and for scientific research
purposes. In practical terms, our objective is to develop a
decision-support system underpinned by RGR models and field
data collected from aerial trapping of aphids in a European
network of suction traps [41,42]. In terms of research, these
models can be used to help predict the effect of global warming on
the spread and increase of pest aphid populations [4]. Our models
thus represent the first, essential albeit arduous, step to these future
applications.
Acknowledgments
We thank Bayer Cropscience France and Makhteshim Agan France for
providing validation data for 2004, and James R. Bell (Rothamsted
Research, United Kingdom) for English improvement of this text.
Author Contributions
Conceived and designed the experiments: MC NP GF PT CAD JSP.
Performed the experiments: MC NP GF PT CAD JSP. Analyzed the data:
MC NP GF PT CAD JSP. Contributed reagents/materials/analysis tools:
MC NP GF PT CAD JSP. Wrote the paper: MC NP GF PT CAD JSP.
References
1. Watt AD, Dixon AFG (1981) The role of cereal growth stages and crowding in
the induction of alatae in Sitobion avenae and its consequences for population
growth. Ecological Entomology 6: 441–447.
2. Cannon RJC (1998) The implications of predicted climate change for insect
pests in the UK, with emphasis on non-indigenous species. Global Change
Biology 4: 785–796.
3. McCarty JP (2001) Ecological consequences of recent climate change.
Conservation Biology 15: 320–331.
4. Hulle´ M, Coeur d’Acier A, Bankhead-Dronnet S, Harrington R (2010) Aphids
in the face of global changes. Comptes Rendus Biologies 333: 497–503.
5. Bonhomme R (2000) Bases and limits to using ‘degree.day’ units. European
Journal of Agronomy 13: 1–10.
6. Worner SP (1992) Performance of phenological models under variable
temperatures regimes: consequences of the Kaufmann or rate summation effect.
Environmental Entomology 21: 689–699.
7. Van Asch M, Tienderen PH, Holleman LJM, Visser ME (2007) Predicting
adaptation of phenology in response to climate change, an insect herbivore
example. Global Change Biology 13: 1596–1604.
8. Dixon AFG (1987) Cereal aphids as an applied problem. Agricultural Zoology
Review 2: 1–57.
9. Fie´vet V, Dedryver CA, Plantegenest M, Simon JC, Outreman Y (2007) Aphid
colony turn-over influences the spatial distribution of the grain aphid Sitobion
avenae over the wheat growing season. Agricultural and Forest Entomology 9:
125–134.
10. Pierre JS, Dedryver CA (1984) Un mode`le de re´gression multiple applique´ a` la
pre´vision des pullulations d’un puceron des ce´re´ales: Sitobion avenae F., sur ble
d’hiver. Acta Oecologica Oecologia Applicata 5: 153–172.
11. Dixon AFG (1998) Aphid Ecology. London, United Kingdom: Chapman and
Hall.
12. Dedryver CA, Le Ralec A, Fabre F (2010) The conflicting relationships between
aphids and men: A review of aphid damage and control strategies. Comptes
Rendus Biologies 333: 539–553.
13. Dedryver CA, Gelle A (1982) Biologie des pucerons des ce´re´ales dans l’ouest de
la France IV - e´tude de l’hivernation de populations anholocycliques de
Rhopalosiphum padi L., Metopolophium dirhodum Wlk. et Sitobion avenae F. sur
repousses de ce´re´ales dans trois stations de Bretagne et du Bassin parisien. Acta
Oecologica Oecologia Applicata 3: 341–342.
14. Kindlmann P, Dixon AFG (1999) Strategies of aphidophagous predators: lessons
for modelling insect predator–prey dynamics. Journal of Applied Entomology
123: 397–399.
15. Al Hassan D, Parisey N, Burel F, Plantegenest M, Kindlmann P, et al. (2012)
Relationship between the abundance of aphids and their natural enemies in
creal fields and landscape composititon. European Journal of Environmental
Sciences 2: 89–101.
16. Plantegenest M, Pierre JS, Dedryver CA, Kindlmann P (2001) Assessment of the
relative impact of different natural enemies on population dynamics of the grain
aphid Sitobion avenae in the field. Ecological Entomology 26: 404–410.
17. Plantegenest M (1995) Mode´lisation de la dynamique de population du puceron
des e´pis (Sitobion avenae F.) sur le ble´ d’hiver au printemps et en e´te´ - Application
au raisonnement de la lutte chimique. Tours, France: The`se, Universite´ Franc¸ois
Rabelais.
18. Kieckhefer RW, Elliott NC, Walgenbach DD (1989) Effects of constant and
fluctuating temperatures developmental rates and demographic statistics of the
english grain aphid (homoptera : Aphididae). Annals of the Entomological
Society of America 82: 701–706.
19. Dean GJ (1974) Effect of temperature on the cereal aphids Metopolophium dirhodum
(Wlk.), Rhopalosiphum padi (L.) and Macrosiphum avenae (F.)(Hem., Aphididae).
Bulletin of Entomological Research 63: 401–409.
20. Stone CJ (1985) Additive regression and other nonparametric models. Annals of
Statistics 13: 689–705.
21. Zhou SG, Wolfe DA (2000) On derivative estimation in spline regression.
Statistica Sinica 10: 93–108.
22. De Brabanter K, De Brabanter J, De Moor B, Gijbels I (2013) Derivative
Estimation with Local Polynomial Fitting. Journal of Machine Learning
Research 14: 281–301.
23. McCallum H (2000) Population Parameters: Estimation for Ecological Models
(Ecological Methods and Concepts). Millbrook (USA) - Ascot (UK): Blackwell
Sciences.
24. Zadoks JC, Chang TT, Konzak CF (1977) Un code de´cimal pour les stades de
croissance des ce´re´ales. Phytiatrie-Phytopharmacie 26: 129–140.
25. Eubank RL (1999) Spline smoothing and nonparametric regression. New York,
USA: M. Dekker.
26. Knott G (1999) Interpolating Cubic Splines; (PCS) PiCSaAL, editor. Boston,
USA: Birkha¨user.
27. R Development Core Team (2012) R: A Language and Environment for
Statistical Computing. Vienna, Austria: R Foundation for Statistical Computing.
28. Wegensteiner R, Dedryver CA, Pierre JS (2010) The comparative prevalence
and demographic impact of two pathogens in swarming Ips typographus adults: a
quantitative analysis of long term trapping data. Agricultural and Forest
Entomology 12: 49–57.
29. Ramsay J (1998) Derivative estimation. StatLib – S-News March 12, 1998:
http://www.math.yorku.ca/Who/Faculty/Monette/S-news/0556.html.
30. Bates DM, Watts DG (2007) Nonlinear regression analysis and its applications.
New York - Chichester: Wiley.
31. Vereijken PH (1979) Feeding and multiplication of three cereal aphid species
and their effect on yield of winter wheat. Wageningen, Netherland: R. Pudoc.
32. Vialatte A, Dedryver CA, Simon JC, Galman M, Plantegenest M (2005) Limited
genetic exchanges between populations of an insect pest living on uncultivated
and related cultivated host plants. Proceedings of Royal Society of London
Series B 272: 1075–1082.
33. Huey RB, Kingsolver JG (1989) Evolution of thermal sensitivity of ectotherm
performance. Trends in Ecology and Evolution 4: 131–135.
34. Logan J, Wollkind D, Hoyt S, Tanigoshi L (1976) An analytic model for
description of temperature dependent rate phenomena in arthropods. Environ-
mental Entomology 5: 1133–1140.
35. Carter N, Dixon AFG, Rabbinge R (1982) Cereal aphid populations: biology,
simulation and prediction. Pudoc, Wageningen, Netherland: Centre for
Agricultural Publishing and Documentation.
36. Watt AD (1979) The effect of cereal growth stages on the reproductive activity of
Sitobion avenae and Metopolophium dirhodum. Annals of Applied Biology 91: 147–
157.
37. Loxdale HD, Lushai G (1999) Slaves of the environment: the movement of
herbivorous insects in relation to their ecology and genotype. Philosophical
Transactions of the Royal Society London B 354: 1479–1498.
38. Morgan D (2000) Population dynamics of the bird cherry-oat aphid,
Rhopalosiphum Padi (L.), during the autumn and winter: a modelling approach.
Agricultural and Forest Entomology 2: 297–304.
39. Ciss M, Parisey N, Dedryver C-A, Pierre J-S (2013) Understanding flying insect
dispersion: Multiscale analyses of fragmented landscapes. Ecological Informatics
14: 59–63.
40. Ciss M, Parisey N, Moreau F, Dedryver C-A, Pierre J-S (2013) A spatio-
temporal model for predicting grain aphid population dynamics and optimizing
insecticide sprays at the scale of continental France. Environmental Science and
Pollution Research: DOI: 10.1007/s11356-11013-12245-11351.
41. Harrington R, Verrier P, Denholm C, Hulle´ M, Maurice D, et al. (2004)
EXAMINE (EXploitation of Aphid Monitoring In Europe): an European
thematic network for the study of global change impacts on aphids. In: Simon
JC, Dedryver CA, Rispe C, Hulle M, editors. Aphids in a New Millennium.
Paris, France: INRA. 45–49.
42. Fabre F, Dedryver CA, Plantegenest M, Hulle´ M, Rivot E (2010) Hierarchical
Bayesian Modelling of plant colonisation by winged aphids: Inferring dispersal
processes by linking aerial and field count data. Ecological Modelling 221: 1770–
1778.
Insect Relative Growth Rate Modelling
PLOS ONE | www.plosone.org 9 January 2014 | Volume 9 | Issue 1 | e86825
